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Abstract 
Impact craters are commonly found on the surface of planets, satellites, asteroids, and other solar system bodies. The applica-
tion field of crater detection algorithm ranges from estimation of planetary surface age to autonomous landing on planets and 
advanced statistical analyses. this article introduced a method of passive image based crater autonomous detection. Candidate 
area, is defined as a small rectangular region including craters. The criterion to select a candidate area is there being one or a few 
craters in it. Then after a brief discussion of pre-processing of crater candidate area to obtain edge information of craters, comes 
a description of the theory of chord midpoint Hough transform and the process of crater detection. The article analyzes the rea-
son behind the production of false center points of circularity as well. Experiment evidences the viability of discovering rela-
tively large craters with clear edges. 
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1. Introduction1 
Impact craters widely spread and can be frequently 
found on the surfaces of planets, satellites, asteroids, 
and other solar system celestial bodies. Their number, 
distribution, pattern, morphology and size can be de-
termined by means of passive images. With the help of 
the data from the images, the age of the surface or sur-
face units and the relative age of different bodies can 
be identified[1-3]. Craters also serve as convenient ref-
erence objects for visual motion estimation. Optical 
landmark navigation by guidance of craters on the sur-
face of a central body was first put into operation by 
the near Earth asteroid rendezvous (NEAR) to meet 
with asteroid Eros 433 in February 2000. Successful 
fulfillment of NEAR mission has proven that crater 
tracking is a powerful tool for spacecraft orbit deter-
mination in low altitude orbits[4]. On the other side, it 
is also important to develop a crater detection algo-
rithm to avoid probe hazards[5-6]. 
Images can be obtained by different sensors, which 
include active sensors and passive sensors. Light de-
tection and ranging (LIDAR) and phased array terrain 
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radar (PATR) belong to the former while digital cam-
eras latter. Active sensors are preferable because they 
are capable of taking direct measurement of the depth 
of sensed terrain, and show less sensitivity to atmos-
pheric opacity. Also, the algorithm to interpolate these 
data is characterized by relative simplicity and rapidity 
in operation. However, apart from greater expense, 
larger weight (6-25 kg) and higher power consumption 
(40-200 W), active sensors are deficient in low resolu-
tion (40×40-100×100), narrow field of view (FOV) 
(15°-40°) and high volume (2-40 L). On the contrary, 
cameras have advantages in light weight (0.3 kg), less 
power consumption(13 W), higher resolution (1 024h 
1 024), wide FOV(120°), low volume (2 L) and a 
greater sensing range[7]. 
Because of greater importance of passive image based 
crater detection, many researchers from different coun-
tries have paid much more attention to it and several 
algorithms have been published. Generally, the algo-
rithms of autonomous crater detection can be classified 
into three categories: unsupervised (fully autono-
mous)[8-10], supervised (machine learn)[11-13] and com-
pound (combining unsupervised and supervised)[14-16]. 
The method proposed in this article is built on the 
chord midpoint Hough transform (CMHT) and a clas-
sic unsupervised or fully autonomous crater detection 
algorithm. The unsupervised methods apply pattern 
recognition techniques to detect craters according to 
the geometric features of craters, such as circularity or 
ellipse. Currently, detection can be conducted with the Open access under CC BY-NC-ND license.
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approaches of Hough transform (HT) and other im-
proved methods[12,17]. Because of the complexity of 
parameter space, traditional Hough transform is difficult 
to finish ellipse or circularity extraction. Therefore, some 
geometric constraints are imposed to reduce the com-
plexity of parameter space, such as geometric prop-
erty-based method[18] or K-RANSAC-based method[19]. 
CMHT-based method[20] in this article is built on the 
fact that a chord passing through the center of an el-
lipse or circularity is divided into bisection. According 
to this geometric constraint, the center point of ellipse 
or circularity is detected firstly followed by computing 
other parameters. 
The supervised methods use machine learning con-
ception to construct classifiers and train an algorithm 
to detect craters. The compound methods combine 
more than one algorithm inclusive of unsupervised and 
supervised to improve results of crater detection.  
Generally, the main process of crater detection in-
cludes candidate area (CA) selection, pre-processing 
and crater detection. Section 2 is limited to demonstrate 
candidate area selection and Section 3 to pre-processing 
of candidate area. Section 4 introduces chord midpoint 
Hough transform-based crater detection in detail. Sec-
tion 5 presents experimental results and analysis thereof 
and Section 6 gives out the conclusions. 
2. Candidate Area Selection 
By candidate area is meant a small rectangular region 
including craters. The criterion to select a candidate 
area is there being one or more craters in it. This arti-
cle incorporates Bandeira’s edge detection-based 
method[21-22] with Kanade-Lucas-Tomasi (KLT) feature 
point detection-based method[23] in candidate area se-
lection. With the algorithm having already been well 
documented, Fig.1 shows the results of the candidate 
area selection with eight areas chosen, one area con-
taining two craters, two areas no crater at all and five 
areas only one crater each. 
 
Fig.1  Candidate area selection. 
3. Pre-processing of Candidate Area 
The first step of geometric shape extraction algo-
rithm based on Hough transform and the improved 
method is to process original image and obtain edge 
information. The purpose of pre-processing of candi-
date areas is also for clarifying the crater edge. 
A typical crater in the image is characterized by an el-
liptical or circular shape and a shadowed area changing 
from bright to dark, and inside it the image intensity 
should present to be monotonously decreasing along the 
light direction. Therefore, on gray-level images of plane-
tary surfaces, intensity variations are strong in the region 
of craters. In fact, most common edge detection operators 
based on gradient variance (e.g. Canny and Sobel) do not 
achieve good results for crater edge detection[21]. 
Ref.[22] introduced an algorithm and the goal was 
the detection and enhancement of significant local 
variations in the gray level, which denounced the 
presence of shadows due to crater rims. This algorithm 
simply includes following steps: 
Step 1  A mask M with n nu elements is centered at 
each pixel of the original image. Create a new image A 
and every pixel Auv calculated by Auv=max[m(M)
min(M), max(M)m(M)], m (g) means the local mean. 
Step 2  Find threshold T=D[max(A)min(A)]+min(A), 
where D, as a coefficient chosen for different images, is 
very important, for it is closely linked to image noise 
and high-frequency signal. High value of D will lead to 
effective elimination of noise on the credit side, but 
deletion of edges of small craters on the flip side. 
Step 3  The threshold T is applied to each pixel Auv 
of A to compute the value (0 or 1) that will be assigned 
to each new pixel Buv in the resultant binary image B. 
Step 4  Closing operator of morphological image 
proces sing fuses narrow breaks and long, thin gulfs, 
eliminates small holes and fills gaps in the contour. 
This article chooses from Fig.1 one candidate area 
with two craters to implement the edge extraction. 
Fig.2 shows the result (Į = 0.4). 
 
Fig.2  Edge extraction (D = 0.4). 
From Fig.2, it is found that the edge of crater is rela-
tively wide, which will make Hough transform more 
difficult in the next step. For this reason, this article tries 
to use mid axis transform, a thinning algorithm of mor-
phological image processing, to extract skeletons of 
edge. This step is helpful for speeding up computation 
and improving reliability of crater detection (see Fig.3). 
 
Fig.3  Edge skeletons of crater. 
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4. Crater Detection 
4.1. CMHT 
Hough first put forward HT for line searching in 
1962. The computational attractiveness of the HT 
arises from subdividing the parameter space into 
so-called accumulator cells. The complexity of tradi-
tional HT entails a strenuous computational work. 
Therefore, it is difficult for traditional HT to carry out 
successful circularity detection because the parameter 
space of circularity is of high dimension (3D). At pre-
sent, many algorithms have introduced methods to 
reduce dimensions of parameter space and many re-
searchers have paid attention to finding the location of 
center point based on geometric constraints. 
Ref.[20] has demonstrated a method of ellipse or 
circularity extraction based on CMHT, which is estab-
lished on dividing the chord passing through the center 
of an ellipse or circularity into bisection. This algo-
rithm introduced the concept of “inscribed ellipse”, by 
which is meant a new ellipse constituted by the mid-
point of chord which is constructed one point of ellipse 
or circularity connect with other points belonging to 
this ellipse or circularity. A theorem is provided below, 
but its proof is omitted here. 
Theorem  One point through which every chord of 
ellipse or circularity passes is divided into bisection on 
the plane is the center point of this ellipse or circular-
ity. 
This is the theorem that CMHT is built on. In the 
binary images inclusive of ellipse or circularity, all 
inscribed ellipses must pass through the center of el-
lipse or circularity, and the chord midpoint which is so 
constructed that it does not belong to ellipse or circu-
larity is difficult to pass through the center of ellipse or 
circularity. It is convenient to set accumulator space 
for CMHT and obtain the location of center point of 
ellipse or circularity based on this theorem. 
4.2. CMHT-based crater detection 
The key of CMHT-based crater detection is to find 
the center point of a crater, of which the process can be 
described as follows: 
Step 1  Scan whole binary image matrix, store loca-
tion parameters of the edge point and build 2D accumu-
lator space which represents the location of midpoint.  
Step 2  Compute accumulator according to CMHT. 
For every detected point, scan all other edge points, 
compute the midpoint and add 1 to the corresponding 
accumulator cell (location of midpoint). For reducing 
computation work, the point that has been scanned will 
not enter the new round of location computation.  
Step 3  Find the center point. Set a threshold, if the 
number of accumulator cell is larger than the threshold, 
this cell becomes the candidate center point. Search 
each connected domain for the center point and con-
firm the center location by the maximum value of ac-
cumulator of each connected domain. 
Now, the validity of this method of center point de-
tection has been confirmed. There are two main factors 
to influence validity of CMHT-based center point de-
tection: random noise and pixel points belong to dif-
ferent ellipse or circularity. First, random noise is 
known and can be reduced by some filters. The second 
factor is implicit and it could not be removed or re-
duced. Fig.4 shows two identical circularities without 
noise, where “Ǆ” means candidate center point by 
CMHT. The number of center points belonging to the 
left circularity is 5 and that the right 5. The number of 
false center points is 24, which could be simply 
blamed for the fact that they are corporate center 
points of ellipse constructed by two rims which has 
relatively long distance and conic constructed by two 
rims which has relatively short distance. Table 1 lists 
maximum values of accumulators of three single con-
nected domains. 
 
Fig.4  Distribution of center points (threshold=35). 
Table 1 Location of center points 
Location of center point Number of accumulator 
(51, 55) 134 
(91, 55) 265 
(130, 55) 133 
For convenience of description, in this article the 
edges under discussion are limited to circular craters. 
After finishing center point search, radius of circu-
larity must be computed. For every detected center 
point( 0 0,
i ix y ), a new coordinate system( ,i ix yc c ) should 
be built through the following transformation: 
0
0
i i i
i i i
x x y
y y y
­ c °® c °¯
 
where ( ,i ix y ) is original coordinate system. 
In the new coordinate system, find out the points 
symmetrical to the origin, set up 1D accumulator space 
to determine radius, scan this accumulator to fix the 
radius based on the maximum value of accumulator.  
After computing all parameters, the false circulari-
ties should be deleted. By false circularity is meant the 
detected circularity, of which, the ratio between edge 
points and the points belonging to it is less than a 
given threshold. 
5. Experiments and Analysis 
Fig.1 provides a reference for comparison in the 
experiment. Through candidate area selection, only 
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one candidate area is left with two craters in it. Fig.5 
shows its CMHT-based accumulator. 
 
Fig.5  Status of accumulator. 
According to this accumulator and the given thresh-
old, the connected domains are confirmed as shown in 
Fig.6. There are five connected domains of center 
points. Table 2 lists the parameters of those connected 
domains. In each connected domain, the maximum 
coordinate of accumulator is selected as the center 
point. 
 
Fig.6  Connected domains of center points. 
Table 2 Parameters of connected domains 
Connected 
area 
Acreage/ 
pixel 
Location of 
center point 
Number of 
accumulator
1 4 (10,27) 15 
2 2 (13,27) 12 
3 37 (17,17),(16,18),(17,19) 23 
4 23 (21,10),(21,12) 18 
5 1 (11,21) 10 
After center point detection, compute radius of 
every crater. Figs.7-8 illustrate the final results of the 
candidate area with two craters in it and those of the 
area shown in Fig.1 respectively. Fig.9(a) and Fig.9(b) 
show crater detection results of two images with low 
and high resolution.  
In order to make a quantitative assessment of the 
autonomous crater detection, two detection rate pa-
rameters, the true detection rate TDRp and the false 
detection rate FDRp, are used and computed as follows: 
p
p
TD
TDR 100%
TN
 u  
p
p
p p
FD
FDR = 100%
TD +FD
u  
where TDp is the number of true detections, FDp the 
number of false detections and TN the total number of 
craters in one region. Table 3 presents TDRp in Fig.9. 
 
Fig.7  Final results of candidate area with two craters in it 
(radius is 6,12, threshold of false circularity is 0.6). 
 
Fig.8  Final results of the area shown in Fig.1 with 7 craters  
detected. 
 
 (a) A low resolution image(threshold of false circularity is 0.7) 
 
(b) A high resolution image(threshold of false circularity is 0.6) 
Fig.9  Crater detection results. 
Table 3 TDRp of Fig.9 
Region CA number TDp TN TDRp/% 
Fig.9(a) 46 19 24 79 
Fig.9(b) 46 14 18 78 
By analyzing Table 3, three conclusions for this 
crater detection algorithm could be drawn as follows: 
(1) Craters are completely involved in the image, 
which means that incomplete craters can not be de-
tected with this algorithm. 
(2) Craters must have clear edges that could be 
brought out in the image (in Table 3, TN is the number 
of craters having clear edges), which means that old 
craters with blurred edges must be shunned out of the 
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usage of the approach. This is the prerequisite for all 
detection algorithms based on edge information. 
(3) Some small craters might not be detected under 
certain circumstances. For example, for two craters 
with quite large difference in size in one candidate area, 
the smaller one might not be discovered. 
Furthermore, TDRp is strongly correlated to the 
candidate area selection. If some crater fails to be in-
cluded in any one of candidate area, it could not be 
detected at all. In authors’ experiences, the correct rate 
of candidate area selection is more than 95% in a sim-
ple terrain which accords with Fig.9. 
Generally, FDRp is only related to some candidate 
areas where there are more than one craters. In fact, 
false detected craters are the false circularities which 
have been introduced in Section 4.2. Fig.10 shows the 
variation of FDRp of images shown in Fig.9(a) and 
Fig.9(b) against threshold of false circularity. From 
Fig.10, it could be found that FDRp pertinent to 
Fig.9(a) goes higher than Fig.9(b) because, compared 
to Fig.9(a), Fig.9(b) has less candidate areas which 
include craters and, moreover, higher resolution. 
 
Fig.10  Variation of FDRp of images in Fig.9 against thresh-
old of false circularity. 
6. Conclusions 
Generally, passive imaging based autonomous cra-
ters detection is difficult to be applied in practices be-
cause of the changeability in appearance of craters and 
surrounding terrain. A lot of experiments show that the 
unsupervised methods work well with relatively large 
craters having clear edge information, but their effi-
ciency declines as the complexity of the terrain in-
creases. 
Compared with other similar algorithms, the pro-
posed algorithm has two main characteristics: First, by 
introducing candidate area selection to divide whole 
image into many different small regions, the complex-
ity of the terrain around detected craters could be de-
creased. Besides, by using CMHT-based algorithm to 
compute small regions, the computation speed and 
reliability of crater detection could be improved. Sec-
ond, as the center point detection is the key of the pro-
posed method, the real center point of a crater can be 
detected effectively by obtaining maximum of ac-
cumulator of single connected domain, which, thereby, 
makes the strenuous computation work much easier. 
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